ABSTRACT. Remote sensing has increasingly been used to estimate evapotranspiration (ET) and its supporting parameters in a rapid
lant and soil/understory litter evaporation and transpiration (or evapotranspiration, ET) is a major component of the hydrological cycle. Accurate estimation of ET and its spatial and temporal distribution is of key importance for hydrological and meteorological applications, including regional-scale water balance (Sun et al., 2011) . Evapotranspiration has direct impacts on hydrology, crop growth, and biomass production. Forest cover alteration, including intercropping to accommodate bioenergy crops such as switchgrass, may change the ET and water balance of forest ecosystems. The ET rate of an ecosystem depends on soil moisture and vegetation factors as well as climatic variables such as air and canopy temperature, radiation, vapor pressure, wind speed, and characteristics of the evaporating surface (Viesmann and Lewis, 2004) . Plant evaporation occurs mostly from above-canopy interception as a function of canopy storage capacity and density (Amatya et al., 1996) , and understory litter transpiration occurs by uptake and transport of water from the soil/aquifer system by plant roots, branches, and stems, eventually diffusing from plant leaves into the atmosphere (Senay et al., 2013) . The atmospheric boundary layer conditions at the plant canopy surface, driven by solar energy (radiation and air temperature), wind, and humidity, and their capacity to transport vapor away from the evaporative surface are the guiding factors for ET (Viesmann and Lewis, 2004) .
Leaf area index (LAI), canopy temperature (T c ), canopy (g c ) or leaf stomatal (g s ) conductance (hereafter referred to as stomatal conductance), wind velocity, and soil moisture or volumetric water content are the most important parameters for ET estimation (Panda et al., 2014) . LAI is defined as the single-sided surface area of leaves per unit area of soil (m 2 m -2 ) and is a key parameter in a variety of forest ecosystem processes, including interception of light and rain, transpiration, photosynthesis, and soil heterotrophic respiration (le . LAI is a seasonal parameter and is an indicator of crop growth; thus, ET and LAI correlate very well (Sun et al., 2011) . LAI was also one of the hydrologic parameters that was recently discussed in parameterization guidelines and considerations for hydrologic models by Malone et al. (2014) . Indirect optical methods (e.g., LAI-2200 Plant Canopy Analyzer, LI-COR, Lincoln, Neb.) or hemispherical photographs and semi-direct methods using litter collection and allometry are used for local estimation of LAI (Malone et al., 2014; Brauman et al., 2012; Sampson et al., 2011; le Maire et al., 2006) . However, these methods are time consuming, cumbersome, and costly. Efficient use of remotely sensed data to estimate LAI is prevalent, as empirical relationships between LAI and spectral vegetation indices (SVI) such as the normalized difference vegetation index (NDVI) are widely used in the remote sensing community (Rao et al., 2006; Chen et al., 1997; Turner et al., 1999) . LAI is a valuable driver in the scaling effort, as it is well correlated with NDVI derived from remote sensing images (Hwang et al., 2009 ). However, NDVI-based LAI estimation has several known shortcomings (Qi et al., 2000) . Anderson et al. (2004) and Wang et al. (2005) found discrepancies in estimating LAI values >3.5 m 2 m -2 with NDVI. Wang et al. (2005) and Soudani et al. (2006) suggested that the relationship established between LAI and NDVI for a particular satellite sensor may not be applicable to other sensors or to describe temporal variations using measurements from the same sensor. Qi et al. (2000) and Colombo et al. (2003) showed that the relationship of LAI and vegetation index could be specific to a vegetation species and study site. Nevertheless, estimation of LAI for a homogenous pine forest using remotely sensed image based vegetation indices could be useful.
According to Hilker et al. (2013) , transpiration is directly linked to stomatal conductance (g s ). Local measurement of stomatal conductance is performed with an indirect optical method (Brauman et al., 2012) or with a semi-direct method using a vapor pressure deficit algorithm (Pearcy et al., 1989; Sack and Scoffoni, 2012) , but these methods are costly and time consuming. Stomatal conductance of pine needles has been measured and used for estimating and modeling transpiration of pine forests (McCarthy et al., 1991; Amatya et al., 1996; Amatya and Skaggs, 2001) . Hilker et al. (2013) suggested that satellite-based determination of photosynthesis or gross primary production (GPP) could be used to quantify transpiration rates through g s (Panda et al., 2014) . Canopy conductance (g c ) is generally approximated as a product of g s and LAI (Jensen et al., 1990; Amatya and Skaggs, 2001; Amatya et al., 1996; Nghi et al., 2008; Brauman et al., 2012; Tian et al., 2012; Amatya et al., 2014) , although the maximum g s may also be estimated as a function of measured ET, vapor pressure deficit, and other environmental variables (Morris et al., 1998) , as will be shown below.
Canopy temperature can serve as a surrogate for the amount of evaporation and transpiration through the plant canopy and can be estimated with direct measurement using thermometers (Bastiaanssen et al., 1998) . However, routine in situ measurement of this plant parameter is time consuming and expensive (Sampson et al., 2011; Panda et al., 2014) . The thermal band of Landsat satellite imagery is used for estimation of canopy temperature (Lee, 1994; Senay et al., 2013; Panda at el., 2014) . Satellite imagery approaches are generally based on principles of the surface energy balance, using the remotely derived land surface temperature as a proxy indicator of surface water status (Cammalleri et al., 2013) . A review by Wang and Qu (2009) showed that numerous studies have been conducted on remote estimation of soil volumetric water content using satellite, aerial, or simple digital photographic image analysis. Recent studies show that remotely sensed data, especially freely available 30 m spatial resolution, 16-day temporal resolution Landsat Thematic Mapper (TM) images, can be used to efficiently estimate g s , canopy temperature, LAI, and ET of forest vegetation (Rouse et al., 1973; Curran, 1980; Moran et al., 1994; Carter, 1998; Justice et al., 1998; Olioso et al., 1999; North, 2002; Provoost et al., 2005; le Maire et al., 2006; Panda et al., 2011; Nouri et al., 2013; Hafeez et al., 2002; Senay et al., 2013; Panda et al., 2014) .
Vegetation indices (e.g., NDVI or soil-adjusted vegetation index [SAVI]) developed with near-infrared (NIR) and red wavebands can be used to remotely determine many forest hydrologic parameters, including LAI (Lillesand and Kiefer, 1994; Gamon et al., 1995; Narasimhan et al., 2003; Rao et al., 2006; Senay et al., 2013) . Remote estimation of LAI is typically conducted using selected individual-band spectral reflectance or digital number (DN) values or a combination of values with the development of spectral indices such as NDVI or SAVI (Panda et al., 2014) . Remote measurement of g s is conducted using a suitable band (typically, mid-infrared, MIR) of Landsat satellite imagery (Lee, 1994; Carter, 1998; Panda et al., 2014) .
The goal of this study was to develop geospatial models to estimate eco-hydrologic parameters that can ultimately determine the ET and growth of a managed pine forest using remotely sensed imagery. The specific objectives of the study were to:
1. Develop geospatial models to estimate three ET parameters, i.e., plant canopy conductance (g c ), abovecanopy temperature (T c ), and soil moisture (SM), using freely available Landsat 7 ETM+ imagery. 2. Develop geospatial models to estimate latent heat flux (converted to ET) using freely available Landsat 7 ETM+ imagery. 3. Establish empirical algorithms based on the image information to predict ET and ET parameters remotely.
METHODOLOGY STUDY SITE
The study site ( , 2014) . This study was conducted on the loblolly pine (Pinus taeda L.) land cover with various stand ages and native hardwoods forests. The topography of the study area is flat, with a ground elevation less than 8 m amsl, and drained with ditches approximately 90 to 100 m apart . The area has poorly drained soils with predominant soil types classified as loamy, mixed, dysic, thermic Terric Haplosaprists in the Cape Fear and Belhaven series (USDA Forest Service, 2014). The long-term (1945 to 2008) average annual precipitation at the site was 1320 mm ±211 mm and was evenly distributed, with a mean annual temperature of 15.5°C . The annual growing season of pine averaged about 195 days . The research site was well instrumented for climatologic data acquisition and plant growth monitoring, with an eddy flux tower ( fig. 2 ) located in the middle of the 90 ha, mid-rotation loblolly pine stand established in 1992 after clear-cutting the previous mature pine plantation .
DATA ACQUISITION
The eddy covariance method for climatologic and hydrologic data measurements, including simultaneous measurement of vertical wind speed and water vapor density (and thus vertical moisture flux or ET), related parameters of LAI, soil moisture, canopy temperature, and CO 2 fluxes, and the derived estimation of g s , has gained popularity in recent years due to high temporal-scale data acquisition, perfor- mance improvements, and reduced costs of fast-response monitoring sensors (Wilson et al., 2001; Shuttleworth, 2008; Sun et al., 2010) . The eddy flux tower ( fig. 2 ) at the study site has been collecting climatologic data continuously since 2006 .
The open-path eddy covariance system consists of an infrared gas analyzer (LI-7500, LI-COR, Lincoln, Neb.) to measure carbon dioxide and water vapor densities, a threedimensional sonic anemometer (CSAT3, Campbell Scientific, Logan, Utah) to measure directional wind velocity, and a data logger (CR5000, Campbell Scientific) . Micrometeorological variables measured at the tower included above-canopy air temperature (HMP45AC, Vaisala, Inc., Louisville, Colo.), photosynthetically active radiation (PAR) (LI-190, LI-COR), downward and upward shortwave and longwave radiation (CNR-1, Kipp and Zonen, Delft, Netherlands). The top 30 cm averaged volumetric soil moisture content was measured continuously using a vertically inserted time domain reflectometer (CS616, Campbell Scientific). Beginning on 10 May 2007, the soil moisture profile at 10, 20, 30, 40, 50, 60, 80 , and 120 cm depths was measured using EnviroSCAN sensors (Sentek Sensor Technologies, Stepney, Australia) at a separate location at the NCLP site. ET data were collected as vertical latent energy flux at the tower along with various other climatologic parameters , which were not part of our analysis in this study. Daily maximum canopy conductance (g c,max ) was calculated using the Morris et al. (1998) equation (eq. 1), as suggested by Noormets et al. (2010) , with parameters estimated from eddy flux tower data: ), VPD is vapor pressure deficit (kPa), and R d and R w are universal gas constants for dry air and water vapor, respectively, where R w /R d = 1.609. We used the halfhourly values of evapotranspiration and vapor pressure deficit from the eddy flux data for the 12:00 noon to 2:00 p.m. time period, consistent with the satellite image-collection passes, to calculate g c,max and then used this value to compare with g s from the satellite images. The daily g c,max is the maximum g c generally observed when the canopy-level vapor pressure deficit is within 1 to 1.5 kPa (Oren et al., 1999; Ambrose et al., 2010) .
Cloud-free (≤10% cloud cover) Landsat ETM+ 7-band satellite images were acquired for 2006 and 2012 from the U.S. Geological Survey (USGS) Map Viewer site (http://viewer.nationalmap.gov/viewer/). A total of 56 Landsat ETM+ images were acquired. Corresponding field data (ET, canopy temperature, and soil moisture) were available for the acquired image dates, as the data that were collected continuously at the tower at 30 min intervals were available for our research. However, for each image date, correct hydrologic parameter data were not available due to instrument malfunction. The g c,max data could be calculated only for 2012 using equation 1, as the parameters required in equation 1 were not available for other years. As a result, only six datasets were used in the g c,max model development. A total of 42 data sets were available for development of canopy temperature and soil moisture models. Only 35 correct data sets were available for ET model development.
Spectral information is particularly useful in applications that involve mapping and modeling of the biophysical properties of objects, such as water quality, plant vigor, soil nutrients, etc., because Landsat individual bands support very specific Earth observation applications (Panda et al., 2015) . Figure 3 shows how Landsat individual bands, or combinations of bands through ratio development, can be used to estimate the eco-hydrologic parameters of interest in this study. According to Panda et al. (2015) , satellite wavebands were specifically designed and are useful (as supported by numerous studies) for remote estimation of ecological features on Earth ( fig. 3) .
We developed an input (image information) and output (ecohydrologic parameter) correlation relationship chart for each model (table 1) . Based on figure 3, the field-measured volumetric water content or soil moisture was correlated with band 7 (MIR) means, derived g c,max was correlated with band 5 (MIR) means, and canopy temperature was correlated with band 6 (thermal infrared [TIR] ) means of the Landsat ETM+ images for model development. As discussed above, NDVI alone may not efficiently estimate LAI and ET remotely. Therefore, SAVI, NDVI, a newly developed vegetation vigor index (VVI), and mean values of bands 5, 6, and 7 were used in the ET estimation model development.
Multicollinearity analysis was completed to determine the correlation among the predictors, and a threshold of 40% was used to determine if a strong internal correlation existed among the predictors. In addition, stepwise regression analyses were completed with datasets, both with and without outlier deletion, to determine the best predictor-based models for estimating ET. Finally, individual models were created using different combinations of predictors. The combination with the best model results was chosen for the remote sensing based ET estimation algorithm.
Vegetation indices were developed using equation 2 for NDVI, equation 3 for SAVI, and equation 4 for VVI: 
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where ρ r , ρ g , and ρ ir are spectral reflectance from the red, green, and NIR band images, respectively, and L is a constant that represents the vegetation density. Huete (1988) defined optimal adjustment factors of L = 0.25 for high vegetation density in the field, L = 0.5 for intermediate vegetation density, and L = 1 for low vegetation density.
IMAGE ANALYSIS Image Information Development
We used a 10 pixel × 10 pixel window surrounding the eddy flux tower, which covered an area of 300 m × 300 m (90,000 m 2 ). The pixels of the 10 pixel × 10 pixel window of the Landsat 7 ETM+ images were between two scan lines for all the images used in this study. Therefore, non-existence of digital data in the scan lines did not interfere with the image analysis. Figure 4 shows examples of bands 2, 3, 4, 5, 6, and 7 from a single-date Landsat image used in our index development and subsequent model development. Individual bands (green, red, and NIR) were used to develop the NDVI, SAVI, and VVI indices in ArcGIS 10.1 with the Raster Calculator tool using equations 2, 3, and 4, respectively. For SAVI raster development, an L factor of 0.85 was used to represent the dense, homogenous, mature pine plantation.
Image Analysis Automation
Automated geospatial models were used for plot size (10 × 10 pixels) image extraction. The automation of the image analysis helped in processing a total of 448 images in a rapid and efficient way. Python scripts were written for vegetation index (NDVI, SAVI, and VVI) image development. Figure 5 shows an example of a Python script (for VVI development) that runs on the ArcGIS 10.1 platform for efficient batch processing. This automation in image analysis saved time. The Python script was written for extracting means of digital images by averaging all 100 pixel values. 
RESULTS AND DISCUSSION PLANT CANOPY TEMPERATURE MODEL
Upper-canopy air temperature was correlated by a firstorder exponential relationship to the band 6 (TIR) mean with a high coefficient of determination (R 2 = 0.93, n = 42), suggesting an excellent relationship for mature loblolly pine trees ( fig. 6 ). This is very promising because canopy temperature is a major parameter used to estimate ET of pine forests through remotely sensed image information. TIR bands are a common means of accurately estimating radiated heat energy from any object on the surface of the Earth, and these results provide further confirmation. Figure 7 represents the correlation model fitted with a firstorder polynomial for the band 5 (MIR) means and the corresponding calculated or derived g c,max values using equation 1. As mentioned previously, only six measurements were available for a single year (2012) to develop this model. The coefficient of determination (R 2 = 0.36, n = 6) was obtained with these limited field observations for the g c,max versus band 5 model. This suggests that our study could not establish a relationship between Landsat band 5 (MIR) means and g c,max for pine trees. This was attributed to the lack of sufficient observations (data) in model development. Further study is essential to determine if a relationship exists between g c,max versus Landsat band 5 (MIR) or other remotely sensed data. Figure 8 represents the correlation model fitted with a first-order polynomial for the band 7 (MIR) DN means and the corresponding field-measured soil moisture in the mature pine forest planted in 1992 with an almost closed canopy cover. These managed pine forests reach canopy closure at stand ages of 15 years or more (Amatya et al., 1996; Amatya, 1993) . The mature pine stand under observation in this study was 20 years old. Although sufficient field observations (n = 42) were used in the soil moisture versus band 7 correlation model development, the resulting R 2 of 0.05 suggests no relationship between Landsat image bandwidth-based values and soil moisture for such a mature pine forest. We conclude that the lack of correlation can be attributed to the fact that the Landsat satellite could not view the ground surface in the mature pine forest with a closed canopy and/or litter covering the forest floor. Future studies may be able to estimate soil moisture using Landsat band 7 means for young pine, where canopy cover is thin and open and between-row bare soil is visible.
LEAF CANOPY CONDUCTANCE MODEL

SOIL MOISTURE ESTIMATION MODEL
PINE ET REMOTE ESTIMATION MODEL
Initially, a multi-collinearity analysis was conducted with all six input parameters. The calculated correlation coefficients in the collinearity matrix in table 2 suggest that SAVI (0.96) is strongly correlated with NDVI, and the VVI input parameter is collinear with all other input parameters (threshold is >0.3). A multivariate correlation model using pine ET as a dependent variable and all six [band 5 (MIR), band 6 (TIR), band 7 (MIR), NDVI, SAVI, and VVI] plot raster means as independent input parameters was developed (model 1 in table 3). A total of 35 measurements covering seven years (2006) (2007) (2008) (2009) (2010) (2011) (2012) of the study period were available for the model development. Good correlation (R 2 = 0.61) was obtained between the Landsat image data and ET for this (6.18%) were obtained, which was a meager reduction of 0.06 and increase of 0.1%, respectively. This demonstrated that Landsat 7 ETM+ B5 and B7, which are relevant indicators of plant moisture content and soil moisture content ( fig. 3) , respectively, were also useful parameters in a model of mature pine vegetation ET. The p-value statistics (B5 = 0.051 and B7 = 4.07E-07) also suggest that both input variables were significant in model development for remote estimation of mature pine vegetation ET. This also confirmed that SAVI, NDVI, and CVI input parameters were strongly collinear and did not contribute to model development. A stepwise regression analysis was completed to ascertain the best contributing model variables. Table 6 
The result suggests that the hourly ET (W m -2
) for a homogenous pine forest can be estimated efficiently using freely available Landsat imagery. However, the ET prediction model needs further improvement by including additional data from other spatial locations with varying climatic conditions and data of more temporal variation. Studies may also be warranted to examine the capability of the method to estimate ET and its associated parameters for younger pine forests.
CONCLUSIONS
The study suggests that plant canopy temperature, canopy conductance (g c ), and ET for a mature pine forest with a closed canopy can be estimated reasonably well on a spatial basis using the freely available Landsat image-based digital information. The study results suggest that remotely sensed data can be used to estimate mature pine ET without cumbersome and costly direct measurement. Thus, the assessment of hydrologic impacts of site-specific vegetation management on large spatial scales could be conducted using remotely sensed data. Particularly, Landsat band 6 (TIR) showed very high correlation with upper-canopy air temperature, which is one of the critical parameters for estimating ET. Band 5 (MIR) showed low correlation with pine g c , although additional data and further study are warranted before this relationship is discounted. The need remains to develop a more significant, robust algorithm for predicting mature pine g c , which is a critical biological variable in physically based ET models such as Penman-Monteith (Amatya et al., 1996) . Band 7 (MIR) was not correlated with soil moisture content in the pine forest, likely because the closed pine canopy, understory, and/or forest litter ground cover created obstacles for sensing the soil characteristics remotely. Bands 5 and 7 of the Landsat 7 ETM+ digital information correlated well with the homogenous mature pine ET values in this study. New studies are underway to model soil moisture status in young pine plantations, where canopy cover is thin and between-row bare soil is visible.
In the future, better data mining (data gap filling, outlier exclusion, data exclusion with better understanding of microclimate in the field, etc.) needs to be conducted for robust ET and ET-parameter model development, accounting for the uncertainty of both data and models. Inclusion of spatial variability with eddy flux tower-based forest ET data from multiple locations should be part of the model development process to develop robust models for various forest types and stand ages. Furthermore, methods to extrapolate ET that has been estimated intermittently using a remote sensing approach to seasonal and annual scales should be developed and tested with ground-truth data, as was recently shown by Cammalleri et al. (2013) using a data-fusion approach with high-resolution, low-frequency Landsat imagery and lowresolution, high-frequency MODIS data. Finally, there is a need for further research to develop a soil moisture model for dense canopy pine forest cover with high-resolution imagery and localized in situ soil moisture measurements. 
